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Abstract: The Information Retrieval (IR) enable users to access relevant data in a language different from their queries. This
involves the capability to submit a query in one language and retrieve documents in Same or another, like Marathi or English. This is
accomplished by creating a system that allows for the comparison of a query in one language with data in same or another language.
This research presents a novel approach to enhance query refinement for Marathi language information retrieval, focusing on
addressing the language's unique linguistic complexities. The study begins with the collection and preprocessing of a Marathi dataset,
emphasizing relevant features. Through comprehensive query analysis, common linguistic variations and ambiguous words in
queries are identified. Using natural language processing (NLP) and semantic understanding techniques tailored for Marathi
ambiguous words, a robust framework for contextual query interpretation is developed. The methodology includes preprocessing,
feature extraction, developing a query refinement model, and building a machine learning model. Performance evaluation of the
proposed model is conducted using various metrics such as accuracy of 0.79, mean squared error (MSE) is 0.2077, specificity of 1.0
and sensitivity of 47.54% on the refined queries. The proposed model aims to make a valuable contribution to the field of Marathi
language information retrieval.

Keywords: Marathi Language Information Retrieval, Query Refinement, Natural Language Processing (NLP), Linguistic

Complexity, Machine Learning Model

1. INTRODUCTION

The increase in diversity among online search users
worldwide has created new challenges for search engine
providers, especially when dealing with different user
languages. To address this, a process called "localization"
is used, where systems are adapted for multiple domains
through translation and cultural adjustments. Instead of
creating separate models for each market and target
language, a more effective approach considers that many
people globally are proficient in multiple languages,
learning more than two on average [1]. This helps bridge
the lexical gap between languages, a process referred to as
cross-lingual information retrieval (CLIR) [2]-[3]. In
traditional monolingual information retrieval (IR),
connecting this lexical gap is difficult, leading to
inefficient semantic normalization. A better solution
involves developing semantic based implications within
text embedding, allowing for the generalization of
vocabularies from labeled data and improving retrieval

results to overcome data sparsity issues. This model is
applied in multilingual IR strategies.

To bridge the gap between languages for cross-lingual
access, models using cross-lingual concepts are employed.
The Full-blown Machine Translation (MT) [4] scheme is
one such model used to convert queries and documents,
but it requires a large amount of parallel data, which is
often lacking for many languages and applications.
Another model tackles the lexical gap by utilizing queries
and documents with external multilingual knowledge
sources like Wikipedia and Babel Net [5]. However, this
approach is limited in concept coverage for resource-
based languages, and the knowledge base has restricted
content, a challenge addressed by the CLIR approach.
Bilingual text embedding is a more versatile option
compared to the two paradigms, but it faces constraints,
such as the need for bilingual supervision signals to create
distributed cross-lingual semantic spaces [6]-[7]. This
supervision comes in the form of hybrid sentence-based
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parallel data [8], pre-defined word conversion, and user
document-centric query refinement comparable data [9].
Numerous features of retrieving data make it a good fit for
artificial intelligence. Relevant data retrieving is
classifying activities, which up until recent needed
previously been completed manually. These tasks have
become appropriate to various ML models. The IR
techniques can provide a wealth of instances, properties,
and parameters that are used to train algorithms. The
majority of these systems contain hundreds of thousands
of texts, and a multitude of variables can be obtained from
the many linguistic aspects which are accessible from
texts. As a result, it has a lot of data accessible; become
clear because typical algorithms have too many
characteristics and samples for ML algorithms to handle
effectively.

The contribution of study has given below

e Innovative approach to enhancing query
refinement for Marathi language information
retrieval.

e Addressing linguistic complexities specific to
Marathi, such as ambiguous words and variations
in query structures.

e Providing a valuable framework for improving
the accuracy and efficiency of information
retrieval systems.

e Utilizing NLP techniques tailored for Marathi,
along with implementing the Rocchio algorithm
and vector space model.

e Demonstrating a novel methodology for
contextual query interpretation and refinement.

e Advancing the field of Marathi language
processing.

e Setting a foundation for future research in
improving information retrieval systems for
other less-resourced languages.

Organization of the paper

Section 2 discussed the previous studies and their
methodologies. Section 3 presented the methodology of
Development of a query refinement model using the
vector space model and Rocchio algorithm. Section 4
presented the result analysis of the proposed model.
Finally, conclusion and future scope were discussed in
section 5.

2. RELATED WORK

Systems for storing and finding information help people
access large amounts of information [10]-[11]. When
someone wants to learn something, they use these
systems. The person (called the user) tells the system

what they're looking for, like a list of keywords or maybe
a sample document [12]. The system then looks in its
database for documents that match the user's request and
shows the ones that are most relevant. This is generally
about information retrieval and how computers
implement Multilingual retrieval systems.

Recent study shows significant efforts to overcome
language barriers when searching for information on the
Internet, irrespective of the language used to write the
content. A few investigators [13]-[14]-[15] have looked
into the scope of Multilingual Information Retrieval (IR)
from various angles, while others [16]-[17]-[18] have
suggested entirely new frameworks and models for
Multilingual Information Retrieval. Many Multilingual
Retrieval systems have been proposed for different
language pairs, making it possible to access information
on the Internet, no matter the language it was originally
written in English or Marathi.

Researchers have been actively studying multilingual
retrieval models in the information retrieval field. One
important study, [19], suggests a novel approach to
information retrieval by treating it. This addresses the
statistical translation issue and suggests a methodology to
improve the efficiency of retrieving. A novel approach to
estimating  statistical translating frameworks for
customized data retrieval that utilizes mutual data
appears by [20], additional noteworthy addition. [21]
describes a novel method for estimating translation
models during search engines by using access data. In
addition to this, several works on translating a language
framework for retrieving data contain theoretical
considerations. For example, [22] offers an ontological
examination of the framework, going over its
characteristics and constraints. In order to improve
retrieval efficiency, [23] offers a novel technique for
search development that makes use of multilingual SMT.
In the same way, [24] presents a novel method of query
expanding that enhances retrieving performance by
making use of searching records and conceptual
translating frameworks.

Researchers have suggested using neural-based methods,
like CNNs and RNNs, to make information retrieval
systems work better. These techniques entail using a
continuous vector space for modeling text files and
search queries. It makes it possible to order texts
according to how relevant one appear to a particular
query using neural network-based metrics such cosine
similarities [25]. In addition to learning intricate non-
linear patterns for text input, such neural techniques can
enhance retrieving methods [26]. Furthermore, attention-
based strategies consisting of understanding the
Transformer framework [27] performed to improve the
ability of IR algorithms to concentrate on relevant
portions of the queries and texts to compare. them.
Furthermore, it has been demonstrated that utilizing pre-
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trained language models, like BERT [28] and GPT-2
[29], improves the effectiveness of IR algorithms by
offering researchers a greater comprehension of the
contextual and significance of natural language searches
and texts.

One method, called "DeepTR" in [30], learns to change
the importance of words based on how similar they are in
meaning using distributed representations. Another
approach, explained in [31], involves adding neural word
meanings into mechanisms for retrieving data. The
authors suggest a way to measure how well different
neural word meanings work in data retrieving and explain
how to use them in retrieval models. Methods like
"DeepCT" from [32], which considers the context, try to
make the first-stage retrieval process better by giving
more importance to words that are more relevant based
on their context. The researchers propose an approach to
DL which discovers important words in a sentence based
on their meaning. Another approach called "TDV" in [33]
concentrates on learning how words can be told apart in
information retrieval.

In document search frameworks, embedded words have
gained popularity as a means of representing texts and
query. These persistent, intricate approximations of
phrases that convey their significance are called
embedded data. For instance, Word-Embedding inspired
[34] represents texts and query using embedded words
and the Fisher Vector technique. Bilingual embedded
words are used in [35] to facilitate cross-lingual content
retrieving. uses embedded words in [36] for expressing
brief texts. In [37], texts and questions are represented
using two distinct embedded spaces; in [38], embedded
words are used to display context and possible answers
for natural language production. Neural networks are
used in [39] and [40] to arrange content and query in a
continous space, and a similarity metric is used to
determine the order of the data. In [41] improves
retrieving performance by organizing key terms in texts
using a neural network. Using algorithms based on
transformers that have already been trained to encode
texts and queries is another well-liked method. offers a
technique for text retrieving in [42] that uses a
transformer-based model that has been taught to encode
queries and texts independently, a process referred to as
"DC-BERT."

Word-based embedding [35] proposed a method for
improving retrieving data by combining multilingual and
cross-lingual embedded data. introduced a GLM that
improves retrieving effectiveness by utilizing embedded
words [43]. To enhance retrieving effectiveness, a
technique for combining embedded words through set
procedures was presented in [44]. For improved
retrieving effectiveness, a method for merging embedded
words into a multiple embedded space modeling was
proposed in [37]. In order to enhance retrieving

effectiveness, [45] proposed using k-NN searching in
place of term-based retrieving and including translation
frameworks and BM25. [46] developed a technique to
improve query responding by combining CNN and
BOW. presented the DenSPI technique in [47] to enhance
real-time query responding effectiveness. A technique
known as SPARC was introduced in [48] to enhance real-
time query responding effectiveness. CoRT, which
combines BM25 through transformer-based scenarios,
was presented in [41] in an effort to enhance retrieving
effectiveness. To improve retrieving effectiveness, [49]
introduced MEHybrid, which combines attentional
techniques using sparse and dense models. introduced the
CLEAR in an effort to enhance retrieving effectiveness
by fusing semantically and vocabulary residual
embedded data. To increase retrieval of documents from
system memory, a hybrid strategy combining semantics
and vocabulary searching was presented in [51].

In summary, these papers demonstrate various ways to
make text retrieval systems work better and faster. They
suggest different approaches like adjusting relevance
weights in context, predicting trade-offs between
efficiency and effectiveness, creating quick access
indexes, making sparse representations more detailed,
and using a unified approach for large-scale retrieval.

3. PROPOSED METHODOLOGY

The proposed model aims to enhance query
refinement for Marathi language information retrieval by
addressing linguistic complexities unique to the language.
The study is begun with collecting and preprocessing a
Marathi dataset, considering relevant features. Through a
comprehensive query analysis, identify common linguistic
variations and ambiguous words in queries. Leveraging
natural language processing (NLP) and semantic
understanding techniques tailored for Marathi ambiguous
word, develop a robust framework for contextual query
interpretation for ambiguous word. The methodology
includes preprocessing, feature extraction, develop query
refinement model, build ML model. The performance of
proposed model can be measure by various evaluation
metrics such as Accuracy, precision, recall, and F1 score
has been employed of the refined queries, with the goal of
providing a valuable contribution to the field of Marathi
language information retrieval. Figure 1 shows the
architectural diagram of proposed query refinement
model.




Author Name: Paper Title ...

Dataset
Categury Vector Space Model

Y
N

Ambiguous Word | == preprocessin —) QueryAnalysis —p e
Query Dataset P 1y B Refinement

i
BN |

C

Irrelevant Result
\_ dataset

N

Predicted Result = Build ML Mode

/ N\

Relevant Data

Marathi Dataset

Irrelevant Data

Figure 1: Proposed Architecture of Query Refinement

A. Dataset Description

The research work necessitates a standard benchmark
dataset; however, as of the undertaken research work to
date, no suitable dataset is available due to the ambiguous
nature of queries in the Marathi language. To address this,
a dataset has been utilized, collected from various news
websites and official sources such as
https://marathivishwakosh.org for information retrieval in
Marathi. The dataset is planned to be categorized into
three parts: one containing ambiguous queries and their
respective domain-specific query data, another containing
relevant result data, and the third containing irrelevant
result data. The Query dataset comprises 215 ambiguous
words, while the results parts contain approximately 4440
records as shown in the table 1, 2, 3. The model is trained
using 70% of the dataset and tested with the remaining
30%.

Table 1: Ambiguous Word Query Dataset with sample

Table 2: Relevant Result dataset with sample data

Sr. Name of Dataset
No.

Sample Data

1 Que_Ref WSD_txt 1.1. drefen WE S 9 AR g6
SR, WS SiTer wrd v are Sawt
ITEdl TR, SRS WTeTe 3Tfeeh ST o e
e gef o, aRomd wErs dis Sid el s
T SR ST/ aTed ST W7 o diehren

a9 HESdl. THH A TR e fiesd
TN TR ARG SIS ST ST

e AR, Al el Ul d1e Iredl 3.

1.2. @ (Soybean)ds @
I Akl B AR, HROT SR =T
wrard (Soybean rate)s ST W IR EE
TR, TS STl We fievars et Sraet
UTEd! SR, SIS Hielre 3Tk ST 9 e

e Fei T, gRonHr TER fie Sd et
T AR 3T/ aTed ST W7 o diehrn

a9 HESAl. THH A GRS o fiesd
T wawt (Farmers) sem@ st
TR SOV 2lesd AR, A Wi AU e

e SR, TS ST feiney S i
T SR Reiada A WA o

STV 3778,

i (i) enfor T steEr W A
SR I ST T S, T e S
fer I, gEe 9 ogEe sEimEee 3, 9,
WU TN e SR 3teEr
AR RGRAT FROME B A, e
ST T A1 ST S g e T,
TAMTEICT= I gEe 91 e Wi e
e, qunty,  eRmm-smeuee fya T
Mt w1 ww B (3a. omfeRH, TR,
ST IA) T TS B Q. s Fa-
TG WSS T,

Table 3: Irrelevant Result dataset with sample data

queries
Sr. Name of Dataset Ambiguous Query Data
No. Word

Sr. No. Name of Dataset Sample Data

1. dmsfaer @ we fiesd
2. gEE a1 SgEs HE S
1 STl - HTEHT, TR
3. JEER gl WE -
YA IO AERE
e faeie st famm

1. W= &= ot =1 WhR
i - &, G s
Huarelt AT e freavarh
o

2. gufem W i
) Rl ot 4 S et 7 4
BT AR I - S W
foemroTterdier sweeft- 3umor

3. oA T e
AT EST ROm(TgAr
SHTUTTER STECTEAT THTAET-4T0TT)

Que_Ref WSD_Que

1 Que_Ref WSD_txt wfewr  (Environment) emfor 9
el G T - et
Ry yeor o et Seesrar (Crop Yield)
AT Wi ToY HAESAT L. T IS ST
forsdwor AT HEW I STRG SMOT T
AR AR A W TGS HAEST
(Nitrogen Oxides) wmmr @& #ft ¥ @
SIS 3k SeTHed fish SeareTd i are

e

S dieeEea o= wwe (Food
Crisis) it steamIcs 8 3=, S
A, S ST, A g e wwe |
afomy od yeReET F I SushEiEt g
SR, O U Tehe e 86 et B SuR
A, 9or Ay sewema (Ar Pollution) =
IEATGTT R 36 Wk 17 T ST
AT ST FHT A I ST SEhTeS AT
GG B Yehdl, dl e Snfor duiieh s
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R ST AT A0 Fet TR,

arg wewm (Air Pollution) grar
SN e ThIe Fohme FEoTrel ST SR
s e @ e (China) fearedt
fepie Iemed 28 cwRiAl ared T ST
gE=n wEw w10 R aredier s
el R, A THRUNG AEISH  IATESS
(Nitrogen oxides) wewm= s1med, St Siawd
ST S AR AT ST "o
SR Frsr ST g g S, S s
(Air Pollution) sredia, TrEgeE iR
(Nitrogen oxides) seasiv & St waiiferes
ST Ui Y TR B e a1e Eed,

aeff= ST S STIeeT Tt ATt 1999
T 2019 <=M, e, Hive qerd, TEdeE
simass (Nitrogen oxides) emfor wewt
THRTETESY YA Seed STfehd i iR
(Corn Yield) snfor g @mmeda 20
TR 9 el e @ e 5 st
St dieh e el A SReiieTeE
T Tl e wes WIS Adr, S
et 9 e ARt qor et 9 .
Seel d  AeRUTd ScdtSid @, desl
g it gfafer w@, 3 swre
#I, s e (Space) F SwE
(Crop production) =i 3w, @M & A
el faferer antien e afom aad @ SE
Suah Gt fred, ARESH TE i
(Nitrogen oxides) e s fafer
TR  Siastre  fetaediet AT derer
WA THUF IOTH AEZT AT, e
THAN A S TR, AT TeTa e
Tt frehi=t ToHEmM e TR,

B. Preprocessing

The main aim of information retrieval over the
ambiguous word from the relevant and irrelevant data. In
this step various action such tokenized, pos tagged, and
lemmatized information as can be taken to preprocess the
Marathi data.

Tokenization: Tokenization involves breaking down the
Marathi text into individual units, usually words and sub-
word units. The tokenization helps create a more granular
representation of the text, enabling the system to better
understand the structure of sentences and phrases.

Part-of-Speech (POS) Tagging: POS tagging assigns
grammatical categories such as nouns, verbs, adjectives
to each token in the Marathi data. The POS tagging is
important for disambiguating words that may have
multiple meanings based on their grammatical context.
This information aids in understanding the syntactic
structure of sentences.

Lemmatization: Lemmatization involves reducing
words to their root form. In Marathi data, where words
can have various inflections and conjugations,
lemmatization helps in standardizing the representation
of sentences. This is particularly important for grouping
different forms of the same word together, thereby
reducing ambiguity and improving the accuracy of query
refinement.

Stopword Removal: Removing stopwords can help
reduce noise in the Marathi data and improve the

efficiency of query analysis. This is particularly
important in information retrieval, where irrelevant
words may hinder the identification of relevant
information.

Normalization: Normalization involves standardizing
the text by converting it to lowercase or addressing issues
like diacritics and accent marks. This step ensures
consistency in the representation of words, reducing the
chances of missing relevant information due to case
differences.

C. Vector Space Model

The vector space model utilized in this research for
Marathi language query refinement encapsulates the
essence of document representation and query
interpretation. Through the application of TF-IDF
vectorization, each query and document are transformed
into high-dimensional vectors, where the importance of
terms is captured through their frequency and inverse
document frequency. This numeric representation allows
for the comparison and analysis of queries against a
corpus of Marathi documents, enabling the identification
of relevant information. By using the TF-IDF scores,
ambiguous words in queries are disambiguated, and
relevant terms are emphasized, facilitating more accurate
information retrieval in the Marathi language.

Query Analysis: Query analysis using TF-IDF (Term
Frequency-Inverse Document Frequency) vectorization is
a technique in information retrieval to represent and
analyze ambiguous words in queries and retrieve relevant
information. This approach is used for query refinement
over the Marathi language.
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TF-IDF Vectorization: TF-IDF vectorization combines
TF and IDF to create a numerical representation of a
query. Each term in the query is assigned a TF-IDF
weight, which reflects its significance in the context of
the specific query and the broader Marathi document
corpus. This vectorization process transforms the query
into a high-dimensional vector, where each dimension
corresponds to a unique term, and the values represent
the TF-IDF scores. The TF-IDF scores for all terms in a
document or query form a vector. Each term corresponds
to a dimension in this vector, and the TF-IDF score is the
value in that dimension. The resulting vectors are high-
dimensional vector, as most terms have low TF-IDF
scores in given query.

TF (t) =

Total number of occurrences of relevant termt in the document

Total number of relevant query in the document

1)

The IDF is calculated of a relevant term using equation 2
N
IDF(t) = log (ﬁ) @)
The TF-1DF score is evaluated using equation 3
TF — IDF(t,d) = TF(t,d) x IDF(t) (3)

The resulting vectors are high-dimensional and sparse, as
most terms have low TF-IDF scores in any given query.

TF — IDF Vector = [TF — IDF(t1),TF —
IDF(t2),...... TF — IDF (tn)] (4)

Where, t1,t2,..., tn are the relevant term in the query.
This numeric representation captures the importance of
each relevant term within the query and is used for
information retrieval.

Query Refinement: After analyzing the TF-IDF scores,
the proposed query refinement model can identify key
terms that is used to retrieve relevant data over the
Marathi. This information can be used to refine the query
by focusing on to improve retrieval accuracy in Marathi
language documents. The Rocchio algorithm is used
retrieve the relevance query results into the vector space
model. The vector space model is based on three meta
heuristics strategies such as term weight, length of
document normalization and similarity index.

The term weight shows that term t represents
the index for each Marathi document d if it is frequently
occurrences in it. Learning happens when create a vector
v, for each class V; by combining Marathi document
vectors. First, add up the normalized Marathi document

vectors of the relevant result and Irrelevant result for a
class. After that, the vector is calculated as a weighted
difference between these two sums.

7, =(dD,....d") (5)

The Marathi data with similar contents have same
vectors. Each data shows the different words wi. The
d(i) for a data d is measured as an integration of
statistical measures TF(wi,d) and DF(wi) . The
TF (wi, d) represents the frequency of word wi presents
in the Marathi data d and the DF(wi) represents the
amount of data in each word wi presents at least ones.
The IDF(wi) is measured based on the Marathi
document frequency.

. ID|
IDF (wi) = log (DF(WD) (6)
Where |D| represents the amount of Marathi data. if a
Marathi word appears in many data, its inverse data
frequency is low, but if it appears in only one data, its
inverse data frequency is high. The so that weight d(i) of
Marathi word wi in Marathi dataset d then

d(i) = TF(wi,d).IDF(wi) @)

The Marathi word weight shows that a word wi of query
is crucial for index term for marathi dataset d, Whenever
the data is occurring many times in the dataset, the TF is
high.

To combine the Marathi dataset vector ¥, into the sample
vector for each class V;. Initially both the normalized
Marathi dataset vector of the relevant of class and
Irrelevant are combined. The Sample vector is then
measured the weight difference of both the class.

Q
QU

1
|D—Vj|

_ 1
VUV, = d— 3 LTS —
J vl Liev, lidll B

®)

ZﬁED—V}- e
a and B is the variables the adjust the impact of both the
relevant and Irrelevant words. The Rocchio needs the
Irrelevant of the vector v, are initially set to 0. Based on
the cosine similarity measures and @« = 8 = 1. Rocchio
represents the sample vector that maximizes the mean of
similarity of relevant training words using the sample
vector V; subtract the mean of similarity of the Irrelevant
training words using the sample vector V;.

1

|V]| Z&EVJ' COS(E, C_i) - |D+V]| ZaED—V}' COS(]7], C_i) (9)
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The final result set of sample vector, each vector for both
classes that shows to trained model. This model can be
used to retrieve the relevant Marathi data d". This new
data is defined as vector d'. To retrieve the d' the cosine

similarity of sample vector v, and d" are measured. The
Marathi relevant words d’ is assigned to the class whose
sample vector has the highest cosine similarity with it.

Hrpipr(d’) = argmax cos(7;, (Z) (10)

Vjev

The equation 10 shows that the relevant class assigned to
document d’ is determined by finding the class whose
average TF-IDF vector is most similar (has the maximum
cosine distance) to the TF-IDF vector of document d’'.
This process helps classify d’ into the class that is most
similar in terms of the words and their importance (TF-
IDF weights) to the Marathi document.

5, @

u N & 11

rripr(d') e T 4y
SIFL L0 41

_ argmax 2 4? (12)

Viev /z'ii'l(v](.i))z

The equation 12 is saying that we are finding the class V;
that maximizes the cosine similarity between its TF-IDF
vector and the TF-IDF vector of the document d’. This
helps in assigning the document d' to the class that is
most similar to it in terms of the words and their
importance (TF-IDF weights) to the Marathi document.

Step-2: Calculate Refined Query Vector

—
>

‘,_7,
Hrppr(d') = argmax _)] =
vier 1511 d|

Step-3: Return Refined Query Vector:

[Fl @) g1(D)
Q= argmaxzi:lvj <

Vjev ,Zlﬂl(vj(i))z

Pseudo Code: SVMQueryRefinement

Pseudo Code: Query Refinement

Input: Marathi Dataset D1= Query Dataset; D2 =
relevant Dataset vectors; D3 = Irrelevant Dataset vectors
and the weights a, B, and .

a = 1.0 # Weight for the original query

B =0.75# Weight for the relevant documents

v.=0.25 # Weight for the Irrelevant documents

Output: Classify relevant and Irrelevant Results

Steps

Step-1: Calculate Relevant and Irrelevant Sums

Z d
ld||

dED—Vj

N

3 1 d 5 1
V= a5 Z S
Vil & ndil " [0 = V)|

Input:

q: The input Marathi query

RelDocs: List of relevant documents
IrrelDocs: List of irrelevant documents

Output:
Refined query vector ¢’

Steps:
1: Convert query and documents to TF-1DF vectors:

q, < Vectorize(q)
RelVectors « {Vectorize(d) | d € RelDocs}
IrrelVectors « {Vectorize(d) | d € IrrelDocs}

2: Train an SVM model

X « RelVectors U IrrelVectors

vy« {11d€RelDocs}u{0|d € IrrelDocs}
model « TrainSVM(X,y)

3: Predict relevance using the SVM model
relevanceScores <« model.predict(q,)

4: Refine the query based on relevance scores
DecisionFunctionValues

« model. decision_function(RelVectors

U IrrelVectors)

5: Calculate weighted sum of relevant and non-
relevant documents based on decision function values

WeightedRelevantSum
|IRelDocs|

« Z RelVectors|i]

=1
X DecisionFunctionValues[i]
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WeightedIrrelevantSum
|IrrelDocs|

« Z IrrelVectors|i]
i=1
X DecisionFunctionValues|
| RelDocs | +i]
6: Refine the query vector:

q' < q, + (WeightedRelevantSum
— WeightedlrrelevantSum)

7: Return refined query vector:

return q'

Model | Accuracy | Mean | Specificity | Sensitivity
Squared
Error

SVM 0.79 0.2077 1.0 0.4754

Above pseudocode shows that to Vectorize converts text
into TF-IDF vectors, TrainSVM trains an SVM model
using relevant and Irrelevant document vectors, and
predict calculates relevance scores for the query. The
decision_function method is used to obtain the decision
function values for relevant and Irrelevant documents.
Finally, the query vector is refined based on the weighted
sum of relevant and Irrelevant document vectors using
the decision function values.

4, RESULT AND DISCUSSION

The experimental model has been performed on
Python 3.7 or later, essential libraries like NLTK, SpaCy,
Scikit-learn, TensorFlow, PyTorch, and Gensim, along
with development environments Google Colab. The
hardware requirements include a computer with at least an
Intel i7 12th Generation processor, 16 GB RAM, 1TG
SSD, and an NVIDIA GEFORCERTX 2070 4 GB GPU,
ensuring  efficient processing and analysis. The
performance of the proposed model has been measured
using various parameters such as accuracy, precision,
recall and f1-score as follows.

T_P+T_N

Accuracy = TP+TN+FP+FN (39)
Precision = —= (40)
T P+F_P
Recall = — £ — (41)
T_P+F_N
F1 — Score = 2 X Precision XRecall (42)

Precision+Recall

TABLE I. PERFORMANCE ANALYSIS OF SVM CLASSIFIER

Table 1 presents the performance analysis of an SVM
classifier for query refinement in the Marathi language.
The classifier achieved an accuracy of 0.79, indicating
that it correctly classified documents as relevant and
Irrelevant 79% of the time. The mean squared error
(MSE) is 0.2077, representing the mean squared variance
among the values that were expected and those that were
observed; lower values denote superior results. The
specificity of 1.0 indicates that all Irrelevant documents
were correctly classified as such, while the sensitivity of
0.4754 indicates that 47.54% of relevant documents were
correctly classified. The SVM classifier shows strong
performance in identifying Irrelevant documents but
could be further improved in correctly identifying
relevant documents.

TABLE II. CLASSIFICATION REPORT OF SVM CLASSIFIER
Precision Recall F1-Score Support

Irrelevant 0.68 0.96 0.79 93
Relevant 0.83 0.31 0.45 61
Accuracy 0.70 154
Micro Avg 0.75 0.63 0.62 154
Weighted A 0.74 0.70 0.66 154
vg

Table 2 shows the classification report provides a
detailed analysis of the SVM classifier's performance for
query refinement in the Marathi language. For the
"Irrelevant” class, the classifier achieved a precision of
0.68, indicating that 68% of the documents classified as
irrelevant were actually irrelevant. The recall for this
class is high at 0.96, indicating that 96% of the truly
irrelevant documents were correctly classified. The F1-
score is 0.79 for the "Irrelevant” class. For the "Relevant"
class, the precision is higher at 0.83, indicating that 83%
of the documents classified as relevant were actually
relevant. However, the recall is lower at 0.31, indicating
that only 31% of the truly relevant documents were
correctly classified. The F1-score for this class is 0.45.
The overall accuracy of the classifier is 0.70, indicating
that it correctly classified 70% of the documents. The
micro-average F1-score is 0.62, and the weighted average
F1-score is 0.66, indicating the overall performance of
the classifier across both classes.
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Figure 2: ROC Curve of Proposed Model

An area under the ROC curve (AUC) of 0.86 indicates
that the classifier has good performance in distinguishing
between relevant and irrelevant documents as shown in
figure 2. The AUC value of 0.86 indicates that the
classifier is able to correctly rank a randomly chosen
relevant document higher than a randomly chosen
irrelevant document 86% of the time.

Precision-Recall Curve
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Figure 3: Precision-Recall Curve of Proposed Model

Figure 3 shows the PR curve for query refinement in
Marathi language would typically show a curve that starts
at the top left corner (high precision) and moves towards
the bottom right corner as the threshold is lowered. The
area under the PR curve (AUC-PR) is also a measure of
the classifier's performance, with higher values indicating
better performance. A high AUC-PR indicates that the
classifier achieves high precision while maintaining high
recall, which is desirable for query refinement tasks
where both precision and recall are important.

Confusion Matrix
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Figure 5: Confusion matrix of SVM Model

Figure 5 shows the confusion matrix to evaluate the
performance of a model. TP are the number of documents
correctly classified as Irrelevant (93), FP are the number
of documents incorrectly classified as Irrelevant (0), FN
are the number of documents incorrectly classified as
relevant (32), and TN are the number of documents
correctly classified as relevant (29).

CONCLUSION AND FUTURE SCOPE

In this paper, proposed model for query refinement in
Marathi language information retrieval has shown
promising results. The SVM achieved an accuracy score
of 0.79, shows to correctly classify documents as relevant
or irrelevant. While the classifier demonstrated strong
performance in identifying irrelevant documents, there is
room for improvement in correctly identifying relevant
documents. The classification report further analyzed the
classifier's performance, showing high precision and
recall for the 'lrrelevant' class, but lower values for the
‘Relevant' class. The proposed model shows potential for
improving the accuracy score and efficiency of
information retrieval in the Marathi language, contributing
to the advancement of NLP techniques for less-resourced
languages. Further research could focus on refining the
proposed framework to handle more complex linguistic
nuances and expand its application to diverse domains.
Integration with emerging technologies like machine
learning and artificial intelligence could enhance the
system's performance and adaptability.
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